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ABSTRACT
Observations of the Copenhagen Networks Study
Michael Cantrell

Attribute-rich longitudinal datasets of any kind are extremely rare. In 2012 and
2013, the SensibleDTU project created such a dataset using approximately 1,000
university students. Since then, a large number of studies have been performed using
this dataset to ask various questions about social dynamics. This thesis delves into
this dataset in an effort to explore previously unanswered questions. First, we define
and identify social encounters in order to ask questions about face-to-face interaction
networks. Next, we isolate students who send and receive disproportionately high
numbers of phone calls and text messages to see how these groups compare to the
overall population. Finally, we attempt to identify individual class schedules based
solely on Bluetooth scans collected by smart phones. Our results from analyzing
the phone call and text message logs as well as social encounters indicate that our
methods are effective in studying and understanding social behavior.

iv

ACKNOWLEDGMENTS

Thanks to:

• My parents, Robert and Toddy Cantrell, for educating me and teaching me
everything I needed to get here.
• Christiana Ushana, for constantly supporting me and encouraging me even at
my lowest points.
• My advisor, Theresa Migler-VonDollen, for guidance and constant encouragement throughout this entire process.
• My committee members, Aaron Keen and Franz Kurfess, for their excellent
feedback and advice.

v

TABLE OF CONTENTS
Page
LIST OF TABLES . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

ix

LIST OF FIGURES . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

x

CHAPTERS
1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

1

1.1

Motivation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

1

1.2

The Dataset . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

1

1.3

Research Questions . . . . . . . . . . . . . . . . . . . . . . . . . . . .

2

1.3.1

Analyzing Social Encounters . . . . . . . . . . . . . . . . . . .

2

1.3.2

Analyzing Communication Initiation . . . . . . . . . . . . . .

3

1.3.3

Class Schedule Extraction . . . . . . . . . . . . . . . . . . . .

3

2 The Dataset . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

4

2.1

Overview . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

4

2.2

Available Data . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

6

2.3

Discovered Flaws . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

7

3 Related Work . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

9

3.1

Human Mobility . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

9

3.2

Epidemiology . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

11

3.3

Friendship Studies . . . . . . . . . . . . . . . . . . . . . . . . . . . .

12

3.4

Gender Studies . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

13

3.5

Other Studies . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

14

3.6

Conclusion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

16

4 Methods . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

17

vi

5 Analyzing Social Encounters . . . . . . . . . . . . . . . . . . . . . . . . . .

18

5.1

Motivation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

18

5.2

Experimental Design . . . . . . . . . . . . . . . . . . . . . . . . . . .

18

5.2.1

Identifying Social Encounters . . . . . . . . . . . . . . . . . .

18

5.2.2

Research Questions . . . . . . . . . . . . . . . . . . . . . . . .

20

Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

21

5.3.1

Notable Traits of Social Encounters . . . . . . . . . . . . . . .

21

5.3.2

Graph Analysis . . . . . . . . . . . . . . . . . . . . . . . . . .

22

5.3.3

Gender Analysis . . . . . . . . . . . . . . . . . . . . . . . . . .

26

Conclusions . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

27

6 Analyzing Communication Initiation . . . . . . . . . . . . . . . . . . . . .

28

5.3

5.4

6.1

Motivation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

28

6.2

Experimental Design . . . . . . . . . . . . . . . . . . . . . . . . . . .

28

6.3

Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

29

6.3.1

Generating Distribution Plots . . . . . . . . . . . . . . . . . .

29

6.3.2

Examining Strong Communicators . . . . . . . . . . . . . . .

33

6.3.3

Comparing Gender in Our Results

. . . . . . . . . . . . . . .

34

6.3.4

Comparing Facebook Friends in Our Results . . . . . . . . . .

35

Conclusions . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

37

7 Class Schedule Extraction . . . . . . . . . . . . . . . . . . . . . . . . . . .

38

6.4

7.1

Motivation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

38

7.2

Experimental Design . . . . . . . . . . . . . . . . . . . . . . . . . . .

38

7.2.1

Considerations . . . . . . . . . . . . . . . . . . . . . . . . . .

38

7.2.2

Our Approach . . . . . . . . . . . . . . . . . . . . . . . . . . .

39

Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

41

7.3

vii

7.4

Conclusions . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

42

8 Future Work & Conclusion . . . . . . . . . . . . . . . . . . . . . . . . . . .

43

8.1

Work Possible with Available Data . . . . . . . . . . . . . . . . . . .

43

8.2

Work Possible with The Complete Dataset . . . . . . . . . . . . . . .

45

8.3

More Data . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

45

8.4

Wrapping Up . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

46

BIBLIOGRAPHY . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

47

viii

LIST OF TABLES
Table

Page

2.1

Gender Distribution . . . . . . . . . . . . . . . . . . . . . . . . . .

6

2.2

Quantity of Data . . . . . . . . . . . . . . . . . . . . . . . . . . . .

7

2.3

The Number of Students with At Least One Data Point . . . . . .

7

5.1

Clustering Coefficients Comparison . . . . . . . . . . . . . . . . . .

25

6.1

Groups of Strong Communicators . . . . . . . . . . . . . . . . . . .

33

6.2

Gender Ratios in Groups of Strong Communicators . . . . . . . . .

35

6.3

Facebook Friends in Groups of Strong Communicators . . . . . . .

36

ix

LIST OF FIGURES
Figure

Page

2.1

Logo for The SensibleDTU Project . . . . . . . . . . . . . . . . . .

4

5.1

Example Graph . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

22

5.2

First Triplet . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

22

5.3

Second Triplet . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

23

5.4

Triangle . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

23

5.5

The Facebook Friends Graph . . . . . . . . . . . . . . . . . . . . .

24

5.6

The Social Encounter Graph of the First Week . . . . . . . . . . .

25

5.7

A Sample Random Graph from the First Week . . . . . . . . . . .

25

6.1

Outgoing Phone Calls Distribution . . . . . . . . . . . . . . . . . .

30

6.2

Incoming Phone Calls Distribution . . . . . . . . . . . . . . . . . .

30

6.3

Outgoing Minus Incoming Phone Calls Distribution . . . . . . . . .

31

6.4

Initiated Text Message Conversations Distribution . . . . . . . . . .

32

6.5

Non-Initiated Text Message Conversations Distribution . . . . . . .

32

6.6

Initiated Minus Non-Initiated Text Message Conversations Distribution . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

33

7.1

Bluetooth Scan Graph at 6 AM On The First Monday . . . . . . .

40

7.2

Bluetooth Scan Graph at 11 AM On The First Monday . . . . . . .

40

7.3

Bluetooth Scan Graph at 4 PM On The First Monday . . . . . . .

40

7.4

Bluetooth Scan Graph at 8 PM On The First Monday . . . . . . .

40

x

Chapter 1
INTRODUCTION

1.1

Motivation

Datasets that contain large number of attributes resulting from studies conducted
over long periods of time are extremely rare. This is mostly because of how difficult
it is to perform such a study. However, this means that when such a dataset is
successfully created, it is incredibly valuable to researchers.
In 2012 and 2013, the SensibleDTU project created an attribute-rich dataset using
approximately 1,000 participants [19]. This dataset, detailed in Chapter 2 focused
on social behavior and sought to give as much detail as possible describing the participants. The attribute-rich quality of this dataset allows a large variety of different
questions to be asked about it, and, as a result, has attracted the attention of many
researchers. Since the creation of this dataset, these researchers have explored several
research topics including human mobility, epidemiology, friendship, gender, and many
more.

1.2

The Dataset

The SensibleDTU project used approximately 1,000 university students at the Technical University of Denmark. The participants were largely underclassmen at the
university, and, as a result, the dataset is very socially dense. At the start of the
study, each participant was given a smart phone equipped with software capable of
tracking all sorts of data. Text messages, phone calls, instant messages, social media
1

activity, GPS location, and physical proximity to other participants in the study are
among the many attributes that were tracked. In addition to collecting basic gender
data, the study utilized questionnaires to ascertain personality characteristics of the
participants. All of these attributes come together to form what is known as the
Copenhagen Networks Study dataset.

1.3

Research Questions

There have been many studies performed on the Copenhagen Networks Study, each
focusing on different aspects of the dataset. Examples of these studies are detailed
in Chapter 3. In order to get an idea of what research questions have already been
asked, we investigated other research using the dataset. Throughout this process, we
selected our own unique research questions.

1.3.1

Analyzing Social Encounters

The goal of Chapter 5 is to attempt to differentiate social encounters from nonsocial encounters. A social encounter might be two people going out to grab dinner
together, while a non-social encounter might be two people standing in line to order
coffee together. We first needed to define what a social encounter is in terms of
the proximity data within the dataset. Drawing inspiration from another study that
asks similar questions [15], we decided that for a single Bluetooth scan to be part
of a social encounter, it must have signal strength above some minimum threshold.
Also, we decided that the duration of a single social encounter must be longer than
some minimum threshold. Finally, after identifying social encounters according to
our definition, we ask questions about networks that are based on these encounters.

2

1.3.2

Analyzing Communication Initiation

In Chapter 6, we explore the portion of the dataset containing text message and
phone call logs. We define a method of using these logs to identify both outgoing
individuals as well as those who attract high volumes of this sort of communication.
After identifying these groups, we compare attributes such as gender and number of
Facebook friends to the same attributes of the total population.

1.3.3

Class Schedule Extraction

Finally, Chapter 7 describes our efforts to extract individual class schedules based
solely on proximity data. One previous study on academic performance used Bluetooth proximity data combined with all of the students’ class schedules in order to
determine when each student attended class [8]. Since our available data does not
contain a class schedule for each student, we came up with a new method with the
intention of extracting class schedules using only the proximity data. Ultimately, we
discovered that extracting class schedules with our methods was impossible without
a way to validate our findings.

3

Chapter 2
THE DATASET

2.1

Overview

The creation of an attribute-rich longitudinal dataset for social network analysis can
be incredibly difficult for a variety of reasons. Coordinating the availability of a large
number of participants is difficult over short periods of time, and only becomes more
difficult over longer periods. One solution to these problems is often to combine
datasets from multiple sources, artificially creating a dataset with longevity and all
of the desired attributes. While these combined datasets can prove useful, ideally
a dataset will be collected from one source and have the attributes and longevity
required to draw useful conclusions. In an effort to compile such a dataset, the
SensibleDTU project was created [19]. This project sought to collect social data on
hundreds of students attending The Technical University of Denmark (DTU) over
several years, ultimately creating the Copenhagen Networks Study.

Figure 2.1: Logo for The SensibleDTU Project
In the two deployments of the SensibleDTU study in 2012 and 2013, a massive amount
of data was collected from approximately 1000 participants. Since the participants
are all students at the same university, they are socially dense and are likely to be in
close proximity on a regular basis.

4

The participants were given lengthy questionnaires containing a number of personality assessments. For each participant, data from Facebook was collected periodically
as a snapshot. This snapshot included birthday date, education history, friends lists,
interests, likes, political views, etc. Data related to school was also collected such
as class schedules and academic performance. In order to monitor the participants’
day-to-day social behavior, each individual was assigned a smart phone. These smart
phones were specially equipped to monitor activity such as connection to WiFi access points around the DTU campus, phone calls, text messages, and close physical
proximity to other devices in the study.
The granularity of this dataset depends on the attribute. For example, the Facebook
data was scanned as a snapshot for each participant every 24 hours, while Bluetooth
scans occur on the study-provided mobile phones every five minutes to collect proximity data. Additionally, any texts or phone calls sent or received on these devices
were logged. The information that is recorded about text messages and phone calls
includes the sender, the receiver, and the timestamp in seconds. Phone call logs also
specify whether or not the call was missed, as well as the duration of the call.
Additionally, the WiFi system on campus was used in order to track the participants’
locations. Every ten minutes the campus WiFi system provided data about all devices
connected to the wireless access points on campus. This data includes the MAC
address of the access point, the building location of the access point, and the student
IDs that were connected to that access point. The students’ anonymity was upheld
by replacing the student IDs with the associated participant IDs from the study.
Finally, the complete dataset contains an anthropological study involving a randomly
selected group of approximately sixty students. The data from this study includes
qualitative data collected by participants while engaging in group activities. The
motivation behind this anthropological study was to understand why different groups
5

form the way they do under different conditions. The activities include group work,
parties, trips, and other social events.
For the sake of brevity, this description of the dataset is not comprehensive. A
complete description of the dataset is described in the original paper about the SensibleDTU project [19].

2.2

Available Data

While the complete dataset is vast, it is important to specify what data we had
access to for this thesis. Currently, the complete dataset is still in the process of
being anonymized for the sake of the participants’ privacy. Becuase of this, we were
given data that spans a four week period. While we were not informed of when
exactly the four week period begins, the data itself seems to suggest that the first
day of the period is a Sunday. In the data from the Bluetooth scans, we identify a
pattern of large clusters forming five days in a row, followed by two days of little to
no large clusters. The data we have includes the Bluetooth scans every five minutes
as well as the signal strength (RSSI) of each scan. We also have gender, phone call
and text message logs, and one snapshot of the Facebook friends network that was
taken during the four week period.
Male
614

Female
173

Not Specified
58

Total
845

Table 2.1: Gender Distribution
A total of 845 students are mentioned throughout the different available portions of
the dataset. Of these, 787 disclose their gender.
Table 2.2 indicates total the number of data points between participants in the study
for each attribute. From the four weeks of data, we observe a reasonable number
6

Text Messages
38,184

Phone Calls
5,239

Bluetooth Scans
5,474,290

Facebook Friendships
6,429

Table 2.2: Quantity of Data
of Bluetooth scans and Facebook friendships considering the number of participants.
However, the number of text messages and phone calls seems unusually low. Our
initial thought was that perhaps a large number of students did not provide phone
call or text message data.
Text Messages
540

Phone Calls
576

Bluetooth Scans
690

Facebook Friends
800

Table 2.3: The Number of Students with At Least One Data Point
Considering the total number of participants in the study, the fact that only 540 of
them sent at least one text message and 576 of them participated in at least one phone
call is somewhat surprising. We still would expect to see higher amounts of electronic
communication between students in 2012 and 2013. One reason for this might be the
popularity of instant message on platforms like WhatsApp in the part of the world in
which this study took place. One other explanation is that the students might still
own and frequently use another mobile device that was not part of the study. While
these portions of the dataset are not quite as rich as we would have hoped, they still
prove useful for this thesis.

2.3

Discovered Flaws

In our exploration of this dataset, we discovered a few small flaws that we would like
to take note of here.

7

First, in the Facebook data, we found that occasionally it was recorded that a participant was friends with himself or herself. As far as we know, this is impossible of
the platform, so we decided to ignore such occurrences for our purposes.
For both phone calls and text messages, since there are often two participants involved in the communication, we would expect two records of the communication
taking place. For example, when student A calls student B and they have a phone
conversation, student A’s device would log an outgoing phone call and student B’s
device would log a received phone call. This was true most of the time. However, we
observed that occasionally there only existed a log from one participant. We found
no pattern in these missing logs. Sometimes it was the sender log that was missing,
while other times the receiver was missing. Our solution to this was to simply treat
the duplicate logs as one single log to ensure uniformity.
For the text message logs, there are two different interaction types: incoming (represented as a ‘1’ in the CSV file), and outgoing (represented as a ‘2’ in the CSV file).
However, throughout the 38,184 text message logs, we found 25 with invalid types,
meaning that the number that represents the type was not a ‘1’ or a ‘2’. Our solution
to this was to merely ignore the logs with invalid types since 25 is a negligible number
of logs in comparison to 38,184.

8

Chapter 3
RELATED WORK

The incredibly rich dataset that resulted from the deployments of the SensibleDTU
project has been explored by a number of researchers. Past publications approach the
dataset from a variety of angles, asking questions about the nature of social behavior
within a dense social environment. Below we have described some of the most popular
topics among researchers of this dataset and the associated research.

3.1

Human Mobility

Because many portions of the dataset indicate the location or physical proximity
of the participants, there are many papers that explore questions regarding human
mobility.
A paper called “Tracking Human Mobility Using WiFi Signals” focuses on the WiFi
data from 63 select participants [11]. The paper first uses this data in order to locate
WiFi routers. With this newly extracted information, the researchers can use data
from when each participant connects to each WiFi access point to account for 80%
of mobility within the observed population. The paper claims that the abundance of
WiFi routers in the modern day would allow this outdoor positioning method to be
scaled across a much larger population.
One paper combines the Copenhagen Networks Study dataset, The Reality Mining
project dataset, the Lifelog dataset, and the Mobile Data Challenge dataset conducted
by the Lausanne Data Collection Campaign in order to explore human mobility pat-
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terns [3]. While this paper performs many forms of analysis on the number of datasets
in question, one important conclusion is that human mobility patterns significantly
change over time, but the change is relatively constant. This means that the number of familiar locations an individual visits at any point is a somewhat conserved
quantity of approximately 25 locations. This conclusion is contrary to many previous
findings in the scientific community about human mobility.
One study uses exclusively the WiFi data from the Copenhagen dataset in order to
analyze human mobility patterns using the concept of stop-locations [20]. A stoplocation contains two timestamps to indicate the start and end times as well as a
location. The paper then proceeds to introduce two novel methods of inferring stoplocations based solely on WiFi data. It concludes by validating the results of two
algorithms using an already established method of inferring stop-locations that uses
GPS data.
Another paper uses the dataset in order to propose its own method of inferring personto-person proximity using only WiFi data [12]. The authors’ goal was to compare the
lists of routers seen by two study participants at the same time in order to determine
if they were in physical proximity to each other. They conclude that WiFi availability
lists over time can in fact be a strong indicator of physical proximity. The authors
argue that this could essentially remove the necessity for future studies to include
Bluetooth enabled devices to gather physical proximity data.
In 2017, a paper called “Multi-scale Spatio-temporal Analysis of Human Mobility”
used the Copenhagen Networks Study in order to characterize human mobility [2].
Their goal was simply to determine a way to mathematically define the distribution
of distances and waiting times between consecutive locations for individuals within
the dataset. In other words, they attempt to mathematically model both the amount
of time that a person stays in one location before moving, and the distance they
10

move from one location to the next. The conclusion is that log-normal distributions
best describe the distances between consecutive locations, and gamma distributions
best describe the waiting times at each location. In addition, the study shows that
individuals have somewhat regular natural time-scales in regards to where and when
they travel.
One study entitled “Opportunities and Challenges in Crowdsourced Wardriving” explores the challenges that using this data to build WiFi localization databases, and
introduces methods to mitigate them [10]. It discusses the amount and type of data
needed in order to do this well. The authors conclude that building such a database
requires large-scale WiFi scan data over long periods of time.

3.2

Epidemiology

Epidemiology, or the study of epidemics, often uses dynamic proximity data in order
to simulate the spread of disease. The dynamic proximity data in the Copenhagen
Networks Study is incredibly dense since the participants are all students in the same
university. Researchers consider this as they use this data to run experiments.
In an attempt to simulate the spread of epidemics throughout a population, one paper
focuses on the proximity data in the dataset [17]. They use 28 days of proximity data
from February 2014 in order to create intimate and ambient networks. With these
networks in hand, the authors ran many simulations of disease spread using a simple
Susceptible-Infected-Recovered (SIR) model. Parameters for the disease were chosen
to make large outbreaks likely but not guaranteed. The simulations that followed
were analyzed for various epidemiological research purposes.
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Another paper analyzes how modifying the temporal fidelity of real-world dynamic
networks affects the spread of disease [18]. They run multiple epidemiological simulations on the Bluetooth scan networks from the Copenhagen dataset. In each simulation, they adjust the temporal fidelity of the proximity data in order to compare
the results. Their conclusion is that in order to accurately model epidemics in the
network, it is essential to analyze the proximity data at least on the order of minutes
rather than a lower temporal fidelity.

3.3

Friendship Studies

In many cases, friendships are the strongest social relationships between individuals.
It follows that focusing analysis on such relationships could potentially reveal more
about an individual than simply analyzing all relationships. Researchers have used
the Copenhagen Networks Study dataset to see how accurately one can model or
predict friendship.
Not long after the Copenhagen Networks Study was conducted, a paper was published
analyzing the data from the proximity sensors in the smart phones in order to draw
conclusions about friendships within the participants’ social groups [15]. This paper
focuses on 134 students over a 119 day period during the academic year 2012-2013.
The authors used the data gathered by the Bluetooth sensors in the participants’
smart phones that recorded other Bluetooth enabled devices within approximately
ten meters every five minutes. In addition, the phones recorded the signal strength of
any other devices that were detected, which was used to approximate distances between individuals during face-to-face interactions. The stated problem is that sheer
physical proximity does not necessarily entail social interaction. Ultimately, the au-
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thors propose a method to distinguish between social and non-social face-to-face interactions.
Recently, a study called “Offline Behaviors of Online Friends” was performed analyzing the Copenhagen Networks Study in order to see how accurately one could
reconstruct the Facebook friendship graph, Facebook interaction network, and the
call and text message networks [13]. In this study, researchers used data from all
1000 participants over the course of one entire year. In their paper, they identify
small differences in types of behavior between pairs who interact through different
channels. The researchers delve into the question of what the status of Facebook
friendship between two people actually says about their social interactions. They
compared this metric to phone calls, text messages, and online interactions between
Facebook friends. Finally, their results show that it is indeed possible to determine
whether or not two individuals are truly friends based on the provided interaction
data despite the noise generated by offline interactions between familiar strangers.

3.4

Gender Studies

This dataset is unique in the fact that a majority of the participants are male. The
large difference in the number of males and the number of females in the study is
representative of the overall population at the university. Because of this, researchers
have asked questions about social behavioral differences between males and females
in this sort of gender-imbalanced environment.
One paper in particular asks the questions about whether or not it is possible to
distinguish between male and female participants based on behavior, and which behavioral features are the most predictive [9]. This study uses the data collected from
the participants’ mobile phones as well as the questionnaires that each participant
13

filled out about themselves. The authors find personality trait differences are in line
with modern psychology literature on gender differences. However, their findings in
regards to human mobility contradict what modern literature suggests. In particular,
they find that females travel more on average than males, while previous work suggests
otherwise. When it comes to social networking, this study finds that females communicate more than males on average, but that both genders display similar amounts of
homophily, the tendency to associate more with one’s own gender. Upon analyzing
the Facebook social network of the participants, this study finds that females have
more central positions. Finally, when using all of these features in order to predict
the gender of a student, their model performed fairly well.
Another study used the data collected during the Copenhagen Networks Study in
order to see if it was possible to predict academic performance in a gender-imbalanced
environment [14]. In the portion of the dataset used in this study, there were 420
males and 120 females, which the authors claim corresponds to the gender imbalance
in the overall student population. They found that social indicators (e.g., mean grade
point average of peers or fraction of low-performing peers) predict low performance
of male participants more accurately than they do for female participants.

3.5

Other Studies

Many of the papers discussed here take multiple attributes of the dataset and search
for some correlation between them. Because of the attribute-rich nature of this
dataset, several studies have been able to ask unique questions that many researchers
have not thought to ask previously.
A paper was published in 2017 discussing the factors that determine academic performance [8]. Specifically, the authors sought to determine if class attendance is an
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indicator of academic performance. Since the Copenhagen dataset does not contain
data on whether or not each student attended class each day, further steps were taken
to extract this data. Both the Bluetooth proximity data and the location data were
used in order to figure out when each student attended class. The authors conclude
that class attendance does indeed seem to be an indicator of performance in that
class. Further, the paper notices that groups of students who socialize outside of
class often have similar class attendance.
In 2017, researchers used data from the Copenhagen Networks Study in order to answer the question: “What is the effect of chronotype on social behavior?” [1]. The
paper first defines two chronotypes: larks, those who wake up and go to sleep early,
and owls, those who stay up and wake up late. Since the chronotype data was not collected in any of the provided questionnaires, the researchers determined chronotype
by computing the average hourly frequency of the ‘screen-on’ events on the participants’ provided smart phones for the first four week days. The researchers were then
able to divide most of the study’s population into one of the two chronotypes. After
this distinction was made, the paper asks questions about the size of personal social networks, how central the larks and owls are to their social groups, and whether
each type displays a strong tendency to associate with those who are similar to themselves. It was found that owls maintain larger personal networks and are more central
to social networks than larks.
A focused analysis on the dynamic networks within the dataset was performed by
Sekara et al. in 2015 [16]. This paper discusses a framework for using cores of social
networks as a simplified way to analyze the dynamic networks. The authors use this
framework to analyze the relationship between the physical locations of individuals
and their underlying social networks.

15

3.6

Conclusion

A number of researchers have explored and continue to explore the Copenhagen Networks Study dataset for a variety of purposes. Throughout the remainder of this
thesis, we will discuss our own research with this dataset as we seek to answer novel
questions.
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Chapter 4
METHODS

To manipulate and analyze the data, we used the Python programming language.
This language was selected because of its ease of use when working with large amounts
of data in different ways. Python was also a clear choice because it enabled us to use
Igraph. Igraph is a network analysis package with support for Python, R, Mathematica, and C. It enabled us to easily represent, analyze, and visualize graphs such as the
Facebook friends network and the Bluetooth scan networks. Additionally, it made
operations such as finding the clustering coefficient of a graph into a trivial function
call. In order to generate plots seen throughout this thesis, we used Matplotlib, a 2D
plotting library built for Python.
The portion of the dataset available to us is in the form of CSV files. We first parse
the data and create Python objects to represent students with various attributes. Students have the following attributes: gender, Facebook friends, participant ID, phone
calls, text messages, and Bluetooth scans. We create a Python class to represent a
student as well as all of the associate information. When it came time to perform
graph analysis on a portion of our data, we compiled the necessary data into an Igraph
graph and ran our experiments.
As previously discussed, some of the data was malformed or flawed. In most cases,
it made sense to merely ignore the data points that did not make sense. For more
details on how we deal with malformed data points, see Section 2.3.
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Chapter 5
ANALYZING SOCIAL ENCOUNTERS

5.1

Motivation

Throughout history, face-to-face social encounters have been the essential component
of social behavior. Who we spend time with, how long we spend time with them, and
when we spend time with them are all questions that reveal meaningful information.
The ability to answer these questions is a large motivation behind the paper “The
Strength of Friendship Ties in Proximity Sensor Data” [15]. One focus of this paper
is identifying which Bluetooth scans are part of social encounters. After a series of
experiments, they conclude that a minimum signal strength of -80 dBm is a good
threshold for determining if a Bluetooth scan took place within about 2 meters, a
distance which the paper claims is a typical social distance for interactions [7]. While
the identification of the social nature of individual scans can be useful, one goal of
this thesis is to perform analysis on the social encounters themselves.

5.2

5.2.1

Experimental Design

Identifying Social Encounters

Before analyzing social encounters, we first needed some way to sort the social Bluetooth scans into groups that comprise social encounters. In order to do so, we created
the following definition of what a social encounter is.
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Definition of a Social Encounter:

• A social encounter must consist of a sequence of Bluetooth scans in which the
largest gap in time is 30 minutes.
• A social encounter must consist only of Bluetooth scans that have a signal
strength of at least -80 dBm.
• A social encounter must be at least one hour long from the first Bluetooth scan
to the last Bluetooth scan.

The decision to require an encounter to last a minimum of one hour was made in
order to filter out coincidental encounters where two participants happened to be
near each other for a short amount of time while likely not interacting. Having a
higher threshold for the length of a social encounter increases the likelihood that the
groups of Bluetooth scans that we create are, in fact, social. Finally, since most social
encounters occur during the day, we decided to narrow our scope to between the hours
of 6 AM and 10 PM.
It is important to note that our definition of a social encounter is not flawless. With
our definition, an encounter that might be detected as social might simply be two
people sitting near each other in the same class that is longer than one hour. Additionally, our definition fails to capture shorter social encounters between participants.
For example, two students might get lunch together and only be in Bluetooth scanning proximity for 45 minutes. While this encounter is social, it is not captured by
our definition.
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5.2.2

Research Questions

After identifying social encounters between individuals, we ask a variety of questions.
We not only look at the features exhibited by the encounters themselves, but we also
construct graphs using these encounters in order to analyze the social structure they
represent.
We start off by asking a few basic questions to give ourselves an idea of what a
social encounter is. Things like the length of a social encounter, the number of social
encounters one student might have within a week, and the likelihood that two people
participating in a social encounter are also friends on Facebook are all questions that
help mold our idea of what the social encounters that we extracted are.
Next, we use graphs in order to help us better understand the social significance of
social encounters. In order to represent the social encounters as a graph, we first
group them by week. For each week, we create a graph of vertices that represent
students where two students are connected by an edge if they have at least one social
encounter. We compare these graphs to the Facebook friends graph, where vertices
are students and there is an edge between two vertices if those students are friends
on Facebook. Finally, we compare these graphs to graphs with the same numbers of
edges where the edges are randomly selected. The purpose of these two comparisons
is that we would expect the Facebook friends graph to exhibit traits indicating social
behavior, while we expect the graph with randomly selected edges to have little to
no signs of social behavior. We hope that if our definition of social encounters is
sufficient, then the graphs created each week from our social encounters would more
closely reflect the Facebook friends graph than the random graphs.
Additionally, we explore questions relating to gender. First we ask the simple question: How often are females a part of social encounters? Given a social encounter,
20

what is the likelihood that it involves at least one female? We ask this question
because of the unique nature of our dataset. As discussed in previous work, the disproportionately low number of female students in the study is representative of the
gender imbalance in the population of the university as a whole. Simply put, we
seek to discover whether or not this disproportionate representation holds true when
examining the students engaging in social encounters. As previous work suggests,
females tend to be more social and communicate more than males [9]. This means
that we might observe that female representation in social encounters is higher than
their representation in the population.

5.3

5.3.1

Results

Notable Traits of Social Encounters

In understanding the various observed traits of social encounters as defined in the
previous section, it is useful to compare the extracted social encounters to the unfiltered encounters. An encounter is merely defined by a set of Bluetooth scans between
two individuals that takes place within the hours of 6 AM and 10 PM. Like social
encounters, we consider two Bluetooth scans to be in the same encounter if both take
place within 30 minutes of each other. However, there is no minimum length for a
standard encounter, nor is there a minimum Bluetooth signal strength.
There are 229,833 total recorded encounters over the four week period, and only 42,990
are social by our definition. The average length of an encounter is ∼50 minutes and
the median length is ∼15 minutes. Social encounters, on the other hand, have an
average length of ∼137 minutes and a median length of ∼110 minutes. The difference
in length is expected since we required a social encounter to take place for a minimum
of one hour. The average number of encounters a student has in one week is ∼136,
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while the average number of social encounters a student has is ∼25. While these
numbers might seem low, remember that we are only analyzing encounters between
students participating in the study.
Finally, and perhaps most notably, we examine whether or not encounters and social
encounters occur between Facebook friends. It is observed that of all encounters,
∼11.9%

of them take place between Facebook friends. However, when observing the

social encounters that we defined,

∼39.4%

of them are between Facebook friends.

This seems to validate our methods of differentiating social encounters from nonsocial encounters, since it makes sense that two individuals might be more likely to
socialize if they are friends.

5.3.2

Graph Analysis

One common metric used to analyze graphs is the clustering coefficient, the tendency
of vertices in a graph to cluster together. To calculate this value, we identify triplets
in a graph. A triplet is a set of any three vertices that are connected by two or three
edges. If the triplet is connected by two edges, it is an open triplet. If it is connected
by three edges, it is a closed triplet. The clustering coefficient of a graph is defined
by the number of closed triplets divided by the number of triplets in total.

Figure 5.2: First Triplet

Figure 5.1: Example Graph
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Figure 5.4: Triangle

Figure 5.3: Second Triplet

Consider the graph in Figure 5.1. In order to calculate the clustering coefficient,
we must first identify the triplets within the graph. In Figure 5.2 we see the first
open triplet: ABC. In Figure 5.3 we see another open triplet: ABD. In Figure 5.4,
we see a triangle. Technically, this triangle contains three closed triplets: BDC,
DCB, and CBD. To calculate the clustering coefficient, we take the total number of
closed triplets in the graph and divide by the total number of triplets. Therefore, the
clustering coefficient of this graph is 3/5 = 0.6.
For reference, we first calculate the clustering coefficient of the Facebook friends graph
to be ∼0.244. The clustering coefficients of the four weeks of social encounters are
approximately 0.359, 0.373, 0.361, and 0.340. These numbers are actually very similar
to the clustering coefficients of the regular encounter graphs for each week. In order,
the clustering coefficients of the regular encounter graphs are 0.311, 0.369, 0.347,
and 0.355. For the first three weeks, the social encounter graphs have slightly higher
clustering coefficients than their respective regular encounter graphs, but the opposite
is true for the fourth week. At first, one might expect the clustering coefficients of
these graphs to be smaller than the clustering coefficients of the social encounters
graphs. However, it is important to remember that there are more than five times as
many encounters as there are social encounters. Because of this, there are far fewer
edges in the social encounter graphs than there are in the regular encounter graphs.
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Interestingly enough, it appears that the clustering coefficient for the graphs from
each week are notably higher than that of the Facebook graph. However, this may
largely be due to the fact that while these graphs have the same numbers of vertices,
they have vastly different numbers of edges. There are 6429 edges in the Facebook
graph while there are 3026, 3760, 3278, and 3252 edges in the social encounter graphs
for each week.

Figure 5.5: The Facebook Friends Graph
To account for this, we create random graphs for comparison. Mathematicians Paul
Erdős and Alfréd Rényi introduced a couple of models for constructing random graphs
of a specified number of edges and vertices [6]. To construct our graphs, we use their
model of a graph with v number of vertices and e number of edges so that the total
v 
number of possible graphs is (e2) . Each edge in this random graph model is chosen
with equal probability. No two vertices are more likely to be connected by an edge
than any two other vertices.
In a graph, the degree of a vertex is the number of edges that are connected to it.
Rather than creating graphs with the same number of vertices as the social encounter
graphs, we create graphs with the number of vertices in the social encounter graphs
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Figure 5.6: The Social Encounter
Graph of the First Week

Figure 5.7: A Sample Random
Graph from the First Week

with degree at least one. Basically, we ignore any students who for some reason
had no social encounters throughout the entire week. For each week, we add the
same number of edges from the associated social encounter graph randomly to the
random graphs. We create 100 random graphs for each week in order to average
their attributes to ensure our results are sound. Ultimately, the average clustering
coefficients for the random graphs across the four weeks of data are 0.017, 0.020,
0.018, and 0.018. These are significantly lower than both the social encounter graphs
and the Facebook friends graphs. This leads us to believe that like the Facebook
friends graph, the social encounter graphs are meaningfully representative of social
behavior within the student population.
Week
1
2
3
4

Facebook Friends
0.244
0.244
0.244
0.244

Social Encounters Graphs
0.359
0.373
0.361
0.340

Random Graphs
0.017
0.020
0.018
0.018

Table 5.1: Clustering Coefficients Comparison
One more note on the difference between the clustering coefficients in the Facebook
friends graph and the social encounter graphs is that the edges are established in
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different ways. For a Facebook graph edge to be established, one person must directly
send a friend request to another person. Friend requests are not sent in batches. Social
encounters, however, are often not between only two people. Oftentimes we expect
social encounters to consist of small groups of people. This would mean that closed
triplets within a group of students might often be created at one time since they are
all in social encounters with each other. Facebook does often attempt to create closed
triplets by recommending that the user becomes friends with people who are already
friends with his or her friends. However, our study shows that these triplets are more
often closed by social encounters than they are by Facebook friendships within this
population. It is important to remember, as described in the original paper about
the dataset, that the participants are physically dense [19]. The participants of this
study are university students, meaning that students often go to class with and are
surrounded by their peers on a daily basis. In a different population, we might not
get the same results when analyzing social encounters in comparison to Facebook
friendship.

5.3.3

Gender Analysis

Analyzing the gender data proves interesting as well. Remember first that in the
study there are 614 males, 173 females, and 58 students who did not disclose their
gender. To start, we find that approximately 41.6% of all social encounters involve at
least one female. Because it is hard to draw meaning from this number, it is useful to
also talk about the percentage of social encounter participants that are female. For
each social encounter there are two participants, so for the 42,990 social encounters
recorded, there is a total of 85,980 participants. Looking at the gender data, 25.8%
are female, 71.1% are male, and 3.0% did not submit gender data to the study. This
means that there are approximately 2.75 times as many males as there are females
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participating in social encounters. Since there are approximately 3.55 times as many
males as there are females in the study as a whole, it is safe to say that females
participate in social encounters noticeably more than males. This increase in female
to male ratio when discussing social encounters validates previous work in gender
studies claiming that in general females are more social than males.

5.4

Conclusions

In the Copenhagen Networks Study dataset:

• 11.9% of all encounters take place between Facebook friends, and 39.4% of all
social encounters take place between Facebook friends.
• Graphs created by analyzing social encounters have higher clustering coefficients
than the Facebook friends network, indicating that our definition of a social
encounter is meaningful.
• Females participate in social encounters noticeably more than males.
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Chapter 6
ANALYZING COMMUNICATION INITIATION

6.1

Motivation

In the modern day, mobile phones have empowered us to talk to nearly anyone at
nearly any time. If I chose to take a break from writing my thesis and talk to my
mom, who lives several hours away, for a couple of minutes, it is completely in my
power to do so. If I want to send a quick message to my friend asking if he wants
to grab lunch, I am only a couple touch screen taps away. In fact, I often go several
days without talking to some of my closest friends in person, but I am in constant
communication with them via my smart phone.
Over recent years, this phenomenon has become more common, especially among
college students. Therefore, the focus of this chapter is digital communication. Our
goal is to determine how much the students in this study use these methods of communication and to identify the instigators of such digital communication.

6.2

Experimental Design

Recall from the description of the dataset that we have a record of phone calls and
text messages sent and received on the smart phones distributed by the study. Each
phone call log has 5 main attributes: time stamp, the participant IDs for the caller
and the receiver, the duration of the call, and the call type (incoming, outgoing, or
missed). From this, we can identify how many calls each student has initiated and
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how many calls each student has received. Even if receiver does not pick up the
phone, we count it as a received call.
For text messages, it gets a little more complicated. Everyone has different text
messaging habits and etiquette. Some people respond instantly to text messages,
while some respond after several minutes. Some people compose a single succinct
message that contains all of the necessary information to convey their thoughts, while
others send their thoughts in a series of broken 1-2 word messages. To account for
all of this, we designed a simple method of grouping text messages between two
individuals into conversations. We decided that two text messages were likely part of
the same conversation if they occur within 30 minutes of each other and involve the
same two participants. Once we group text messages into conversations, we can then
establish the number of text conversations for each student.
For this experiment, we primarily seek to analyze the distributions of numbers of
phone calls and text messages across all of the participants. The distributions we
consider are for incoming, outgoing, and the differences between the two for both
phone calls and text messages. In doing this, we also seek to identify any outliers.
These outliers are the people who are initiating large amounts of communication,
receiving large amounts of communication initiation, and having disproportionate
amounts of initiated vs. received communication.

6.3

6.3.1

Results

Generating Distribution Plots

It is important to note that the data we are running our experiments on is most likely
not a complete representation of the digital communication within this population.
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Recall that the phone call logs indicate that a surprisingly high number of students
do not make a single phone call throughout the entire 4 week period in consideration.
Similarly, the same can be said about the text message logs. Additionally, the total
number of phone calls and text messages were surprisingly low considering the number
of students who were participating in the study. While there may be a variety of
explanations for this, it does affect the statistical significance of our findings.
First, let us consider the distributions of the outgoing and incoming phone calls. As
seen in all of the plots, there is a large spike at the 0 mark, meaning that there are a
large number of students with 0 phone call logs. This is mostly due to the fact that
there are certain participants with 0 phone call logs of any kind.

Figure 6.1: Outgoing Phone Calls
Distribution

Figure 6.2: Incoming Phone Calls
Distribution

The plots describing the outgoing and incoming phone call distributions are both
as we might expect. As the number of phone calls increases, there are fewer and
fewer students. The maximum number of observed outgoing phone calls by a single
student is 184, and the maximum number of observed incoming phone calls by a
single student is 170. Investigating further, we find that these two individuals have
241 calls between them within the four week period. Of their 241 calls, 164 of them
are from the student with the highest number of outgoing calls to the student with
the maximum number of incoming calls. Both of these students have an incredibly
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high number of outgoing and incoming calls, so to account for this we examined the
difference between the number of outgoing and the number of incoming calls for each
student.

Figure 6.3: Outgoing Minus Incoming Phone Calls Distribution
Again, we see a spike at 0. This spike includes participants with 0 phone call logs
as well as all of the participants who had exactly the same number of incoming and
outgoing phone calls. The lines on the positive side of the x-axis represent the students
who had more outgoing calls than incoming calls. These are the communication
initiators. The lines on the negative side of the x-axis receive more phone calls than
they instigate. These are the communication receivers.
The bars in the plot that we are the most interested in are the small ones far off
to the left and to the right. Based on our observations of these plots, we have
selected positive and negative thresholds to segment off and analyze the outliers
from the rest of the population. Setting the threshold for strong communication
initiators at the value of 20 more outgoing than incoming phone calls, we find 12
such participants, 9 male and 3 female. Similarly, setting the threshold for strong
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communication receivers at the value of 20 more incoming than outgoing phone calls,
we find 15 such participants, 11 male and 4 female.

Figure 6.5: Non-Initiated Text
Message Conversations Distribution

Figure 6.4: Initiated Text Message Conversations Distribution

Once again, the plots describing the initiated and non-initiated text message conversation distributions are both as we might expect. As the number of text message
conversations increases, there are fewer and fewer students. The maximum number
of observed initiated text message conversations by a single student is 310, and the
maximum number of observed non-initiated text message conversations by a single
student is 157. Again, we investigated further and found the these two students have
between them a total of 224 text message conversations throughout the four week
period, 118 of which were initiated by the student with the maximum number of
initiated text message conversations. Once again, we decided it would be best to examine the difference between the number of initiated and the number of non-initiated
text message conversations for each student.
Analyzing the differences plot for text message communication, we again select positive and negative thresholds to isolate the outliers in the dataset. Setting the threshold for strong communication initiators at the value of 15 more initiated than noninitiated text message conversations, we find 8 such participants, 7 male and 1 female.
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Figure 6.6: Initiated Minus Non-Initiated Text Message Conversations
Distribution
Similarly, setting the threshold for strong communication receivers at the value of -15,
we find 10 such participants, 4 male and 6 female.

6.3.2

Examining Strong Communicators

One initial thought that we had about the groups of strong phone call and text
message communicators is that they might be communicating with each other.
Group Name

Number of Participants

Strong Phone Call Initiators
Strong Phone Call Receivers
Strong Text Message Conversation Initiators
Strong Text Message Conversation Receivers
Total Population with at Least One Phone
Call
Total Population with at Least One Text
Message Conversation

12
15
8
10
540

Average Number
of Communication Data Points
100.1
83.4
77.4
100.1
19.4

576

19.9

Table 6.1: Groups of Strong Communicators
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As it turns out, of the 27 strong phone call communicators, 19 of them participated
in a phone call at least once with the opposite group. Specifically, 9 of the 12 strong
phone call initiators participated in at least one phone call to the strong phone call
receivers. Additionally, 10 of the 15 strong phone call receivers participated in at
least one phone call with the strong phone call initiators.
Considering text message communication, of the 18 strong text message communicators, 14 of them participated in at least one text message conversation with the
opposite group. Of the 8 strong text message conversation initiators, 7 of them
participated in at least one text message conversation with the strong text message
conversation receivers. Of the 10 text message conversation receivers, 7 of them
participated in at least one text message conversation with the strong text message
conversation initiators.
It is clear that the groups of strong communicators often communicated with each
other. This could be mostly due to the high number of communication data points
relative to the total population. For example, according to Table 6.1, the average
number of phone calls that the group of strong phone call initiators participates in
is more than five times the average number of phone calls from the total population
with at least one phone call. Similar statements can be made about the other three
strong communication groups.

6.3.3

Comparing Gender in Our Results

Our next instinct is to compare the male to female ratio of these strong communication
initiators and receivers, but in doing so it is essential to keep in mind that these
numbers are relatively small. As such, it is important to note that these findings
might not be statistically significant.
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Group Name
Strong Phone Call Initiators
Strong Phone Call Receivers
Strong Text Message Conversation Initiators
Strong Text Message Conversation Receivers
Total Population with Gender Data

Number of
Males
9
11
7
4
614

Number of
Females
3
4
1
6
173

Ratio
3:1
2.75:1
7:1
0.67:1
3.55:1

Table 6.2: Gender Ratios in Groups of Strong Communicators
The rows in Table 6.2 that stand out the most are the two text message rows. It
appears that as far as text messages are concerned, the strongest text message conversation starters are male, and the strongest receivers of text message conversations
are female. Again, this could be for a variety of reasons. The fact that there are so
few females in the population might be the reason that more males in the community
are text messaging the small group of females. It could be that the females within
this population are better about replying to text message conversation initiations in
a timely manner. Whatever the reason, it is interesting that this same pattern is not
visible in the phone call communication.

6.3.4

Comparing Facebook Friends in Our Results

Finally, one strong validation tool for our method of finding socially significant individuals is comparing the Facebook friends of these discovered groups of people to
our total population, as seen in Table 6.3. For the purpose of this analysis, we only
consider students who have at least one Facebook friend. Recall that the number of
students with at least one Facebook friend in the study is 800.
It may come as no surprise that most of these average and median numbers of Facebook friends in the groups of strong communicators are higher than those of the total
population. It makes sense that if individuals are often initiating or receiving digital
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Group Name

Strong Phone Call Initiators
Strong Phone Call Receivers
Strong Text Message Conversation Initiators
Strong Text Message Conversation Receivers
Males (Size=581)
Females (Size=166)
Total Population (Size=800)

Average Number of Facebook Friends
24.5
29.0
17.9
25.6
15.2
20.4
16.1

Median Number of Facebook Friends
21
18.5
12
18
12
17
13

Table 6.3: Facebook Friends in Groups of Strong Communicators
communication from others in their community that it is likely that they are friends
on Facebook.
One row of note, however, is the row of strong text message conversation initiators.
The median of 12 leads us to believe that there are several participants in this group
with lower numbers of Facebook friends than typically seen in the total population.
It is interesting to consider the fact that these individuals are not necessarily the ones
who are socially sought after by others, but rather they are the ones who are more
likely to start the conversations. While the number of friends one has on Facebook
is not always an accurate representation of the number of friends one has in real life,
it can serve as an indicator [5].
Remember, also, that this group of individuals is predominantly male. According to
our dataset, the average number of Facebook friends that males have is 15.2, with
a median of 12. On the other hand, the average number of Facebook friends that
females have is 20.4, with a median of 17. Since we know this particular group of
people is predominantly male and males have fewer Facebook friends on average than
females, the results we see in this row of the table begin to make more sense.
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6.4

Conclusions

In the Copenhagen Networks Study dataset:

• Groups of strong communicators often communicate with each other.
• Females in the groups of strong phone call communicators exhibit marginally
higher amounts of phone communication than males
• Males in the groups of strong text message communicators receive much lower
volumes of text message conversations than females.
• Groups of strong communicators on average have higher numbers of Facebook
friends than the total population.
• Students who receive far fewer text message conversations than they initiate
tend to have fewer Facebook friends than the other groups of strong communicators.
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Chapter 7
CLASS SCHEDULE EXTRACTION

7.1

Motivation

The goal of this portion of the thesis was to ask questions about the social behavior of
university students that share classes. The questions that we had planned included
“How often do classmates interact on the weekend?” and “What is the likelihood
that two people who are in a class together are also friends on Facebook?”. Since
the available data does not contain a class schedule for each student, we attempted
to extract this data ourselves. The available data does, however, contain physical
proximity data for each participant in the study, which was recorded in five minute
intervals over a four week period. In the next section, we describe our attempt to use
this data to discover the student class schedules over this four week period. Because
we were ultimately unsuccessful, the focus of this portion of the thesis is to explain
our approach and discuss why it did not work.

7.2

7.2.1

Experimental Design

Considerations

While extracting class schedule data, we wanted to consider the fact that not all
students behave the same when it comes to physical presence in the classroom. First,
not all students will arrive at the classroom at the same time. Additionally, some
will leave early, while others sometimes stay behind to talk with the professor. Some
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students take long bathroom breaks during class, and others might skip class periods
altogether. Furthermore, some classrooms are large, meaning that the students at
the front of the classroom might not be in Bluetooth scanning proximity to students
sitting in the back of the same classroom. Additionally, it is possible that certain
classrooms are so close to other classrooms that students sitting in two different
rooms could be in scanning proximity to each other. These are among the many
reasons that the proximity data will not perfectly represent what each student’s class
schedule.

7.2.2

Our Approach

The method we designed for extracting class schedule data reduces the necessity for
students to be in the classroom for exactly the duration of the class period. We iterate
through Bluetooth scan graphs one at a time in order, keeping track of any clusters of
students along the way. We decided to consider components of size three or more in
order to reduce the amount of noise created by coincidental and irregular Bluetooth
scans. If a graph contains a component that consists of at least some minimum
percentage of the students from one of our currently tracked components, and that
specific currently tracked component contains at least some minimum percentage of
the students in the graph being considered, then we assume that the two components
are the same with a slight change due to time. The value we found that worked well
for this calculation is 70%. We track all students that enter and exit each of these
components. If a single component survives for at least 45 minutes (nine time steps
of five minutes), then we consider that component a classroom. It is possible that a
classroom might contain zero, one, or more back to back class periods. The next step
in the computation was to extract possible class periods from a classroom.

39

Figure 7.1: Bluetooth Scan Graph
at 6 AM On The First Monday

Figure 7.2: Bluetooth Scan Graph
at 11 AM On The First Monday

Figure 7.3: Bluetooth Scan Graph
at 4 PM On The First Monday

Figure 7.4: Bluetooth Scan Graph
at 8 PM On The First Monday

Since students sometimes enter and exit the classroom, we know that certain scans
might be missing from a component that is contained within a class period. To account for this, we decided that a student’s inclusion in a classroom must be 45 minutes,
and that the minimum percentage of scans within the time they are considered to be
in the classroom should be 80%. With this, we began analyzing relationships between
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students within these classrooms in order to extract individual class periods. To accomplish this, for each classroom, we iterate through every possible pair of students
and ask whether or not they were in the classroom over similar ranges of times. We
first found the length of the overlap between the two students’ times in the classroom.
If the length of the time overlap divided by the smaller range of time between the
two students was at least 80%, we then determined that the two students were in the
classroom at the same time. If the two relationships exist over similar ranges of time
and have at least one student in common, they must belong to the same class period.
These findings were aggregated into class periods. In addition, we decided that two
class periods can be combined if any of their contained relationships are compatible
with one another. A class period is complete once it can no longer have any other
relationships added to it or be combined with any other class periods.

7.3

Results

In an attempt to validate our method of extracting class schedules for each student,
we compared the many discovered class periods on one Monday to class periods from
each of the other three Mondays. We repeated this with Tuesdays, Wednesdays, and
so on until the week was complete. We decided that class periods from two different
days are similar if they overlap in time and have at least some minimum percentage
of their class lists in common with each other. While it seemed that a minimum
percentage of 30% worked the best, it did not contain nearly as many class periods
as we would hope each day. In addition, the class periods that our computation
produced were highly irregular with unusual start and end times. Some were less
than an hour, while some ran for many hours.
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To get an idea of which of the class period representations were more accurate, we
checked the university website see the typical class format. It turns out that classes
at DTU are notoriously small in size and run for several hours. The class periods
that we extracted were extremely sporadic when it came to both number of students
as well as the length of the class period. Because of this, it is clear that our approach
to identifying class schedules for each student found very few, if any, actual regular
class periods.

7.4

Conclusions

• We were unsuccessful in our attempt to extract class schedules based solely on
proximity data.
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Chapter 8
FUTURE WORK & CONCLUSION

Throughout the creation of this thesis, we made several decisions including what
defines a social encounter, how to construct a social encounter graph, and what defines
a text message conversation. These decisions were necessary in order to conduct our
analysis. Each time a decision is made, it bears with it the question: How would
the results be affected if this decision were made differently? In this final chapter,
we discuss alternative decisions and new opportunities that can be explored in future
work with the Copenhagen Network Study Dataset.

8.1

Work Possible with Available Data

As described in Chapter 2, the data that was available to us for the creation of this
thesis was somewhat limited in comparison to the complete Copenhagen Networks
Study dataset. This section discusses possible interesting directions for future work
using only the same data that was used in this thesis.
First, we thought it might be interesting to replicate the “Offline Behavior of Online
Friends” study discussed in Chapter 3. In this paper, the authors used exclusively
WiFi data in order to ask their research questions. They claimed, however, that this
study should be possible using the Bluetooth proximity data instead [13]. Therefore, replicating this study using the data available for this thesis should be possible.
Proving that this other approach produces similar results to the original paper would
provide evidence that it is possible to conduct such analysis even if there is no available WiFi data.
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In Chapter 5, we defined a social encounter in terms of the Bluetooth proximity scans
available to us. We decided that any encounter that was shorter than an hour is not
social. In addition, we decided that in order for two scans to be part of the same
encounter, they must take place within 30 minutes of each other. Performing the same
experiment multiple times by varying these constraints would provide both interesting
and meaningful results, as they would give broader insights into social behaviors and
their dependencies on these constraints. Later in the chapter, we analyze these social
encounters by creating graphs and observing the clustering coefficient. It might be
valuable to see what parameters would yield the highest clustering coefficients in these
social encounter graphs.
In addition, one possible research direction could be to attempt to identify social
groups rather than social pairs. Since each Bluetooth scan is only between two people,
it was simplest for us to only consider social encounters in pairs. However, often times
social encounters are not 1-on-1. In order to do this, a new method of identifying
dynamic social clusters in the proximity scan graphs must be created.
Finally, this thesis asks several questions about gender. However, not all of the participants in the dataset disclosed their gender information. An entire study could
be performed discovering more about the participants who did not disclose various
attributes in this dataset. Are the students who did not disclose their gender less
likely to use their provided smart phones for digital communication? Do they also
not disclose their Facebook data? How social are they? These are just a few examples of the possible questions one could ask about participants that withhold certain
attributes of their personal information.
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8.2

Work Possible with The Complete Dataset

There is a seemingly infinite number of questions that can be asked about the complete
dataset. Chapter 7 is an example of one question that is not possible to answer
without attributes from the complete dataset. Since we did not have individual class
schedule data for each participant, we were not able to ask questions about social
behavior between classmates outside of the classroom. However, with this data, it
should be relatively easy to perform such a study.
Another interesting question to ask is about social meeting locations. Where do
friends often meet in order to socialize? Are these locations different for large social
groups and small social groups? Such questions would be possible using some type
of location data such as GPS or WiFi scans.

8.3

More Data

Although the Copenhagen Networks Study dataset is incredibly large and attributerich, we thought of a couple of ways the study might be improved upon.
It is clear that not all of the participants used their provided smart phones over
the four week period that we observed. Many students had no phone calls, no text
messages, and no proximity scans throughout this entire period. This may have
been for a variety of reasons. Students may have used instant messaging rather than
text messaging. Students may have disabled Bluetooth on their phones most of the
time. A few measures could be put in place if this study were performed again to
help prevent this lost data. First, a study should track when a student’s device has
Bluetooth disabled in order to account for missing Bluetooth scans. One alternative
is to prevent all devices in the study from disabling Bluetooth. Also, it could be that
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students had other smart phone devices for regular, daily use. To prevent this, it
might be helpful to create software that can be installed on a students current device
rather than providing them a new device.
Finally, in an effort to analyze social groups rather than social pairs, a study should
identify group text messages rather than individual text messages between a pair of
people. It could be possible that some of the text messages within the dataset were
sent to a group of people, but it is impossible to tell with the structure of the current
dataset. A new dataset should distinguish between text messages between individuals
and text messages within groups.

8.4

Wrapping Up

We have asked a number of research questions regarding the Copenhagen Networks
Study. This thesis serves as one of the many explorations into this incredibly rich
dataset. Not only is there value in pursuing the described future work with the
complete dataset and the limited dataset that was available to us, but there is also
value in asking these same research questions about about similar datasets that have
yet to be created.
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